Both researchers and practitioners are showing an increased interested in interactive exhibition services. Interactive exhibition services are designed to directly respond to visitor responses in real time, so as to fully engage visitors' interest and enhance their satisfaction. In order to install an effective interactive exhibition service, it is essential to adopt intelligent technologies that enable accurate estimation of a visitor's emotional state from responses to exhibited stimulus. Studies undertaken so far have attempted to estimate the human emotional state, most of them doing so by gauging either facial expressions or audio responses. However, the most recent research suggests that, a multimodal approach that uses people's multiple responses simultaneously may lead to better estimation. Given this context, we propose a new multimodal emotional state estimation model that uses various responses including facial expressions, gestures, and movements measured by the Microsoft Kinect Sensor. In order to effectively handle a large amount of sensory data, we propose to use stratified sampling-based MRA (multiple regression analysis) as our estimation method. To validate the usefulness of the proposed model, we collected 602,599 responses and emotional state data with 274 variables from 15 people. When we applied our model to the data set, we found that our model estimated the levels of valence and arousal in the 10~15% error range. Since our proposed model is simple and stable, we expect that it will be applied not only in intelligent exhibition services, but also in other areas such as e-learning and personalized advertising.
Introduction
Exhibits that allow interaction, that is, two-way communication between visitors and exhibits, are called interactive exhibits. They encourage visitors to experience contents, and to <Figure 1> Examples of interactive exhibits; adopted from Sayre(2005) experiment through selection, hands-on manipulation, and observation of work completed according to the prescribed interaction between visitors and exhibits (Kim, 1996; . They can thus engage visitors' attention more effectively and enhance satisfaction.
Interactive exhibition services have been adopted by many art museums or galleries in recent years.
<Figure 1> shows some examples of the interactive exhibition services used in major museums across the world (Sayre, 2005) .
To meet the needs of this sector, researchers have begun studies on how to improve the quality of interactive exhibition services. Because it is essential to understand visitors' emotions in order to respond to them properly, there is a growing need for studies on emotional state estimation in the exhibition domain. Consequently, several studies have been conducted on this topic in the last five years (Ko et al., 2008; Kim et al., 2012; Ahn, 2013; Ryoo et al., 2013 (Wöllmer et al., 2010; Nicolaou et al., 2011; Hussain et al., 2012; Nicolle et al., 2012 (Wikipedia, 2014) .
Using the Kinect Sensor, this study estimates peoples' emotional states through their facial expressions and the movements of their head and shoulders.
This paper consists of four sections. Section 2 describes our research model thoroughly. The experimental system that enables our proposed model will also be introduced in this section. The data used will be presented in Section 3, followed by the results of our experiment. Finally, Section 4 introduces a practical application of our proposed model. At the end of this section we discuss the contributions and limitations of our study.
Research Model

Measuring Multimodal Responses through the Microsoft Kinect Sensor
As described in the previous section, the The experimental system was developed using C#, and <Figure 2> demonstrates the control screen.
Our experimental system is designed to track 121 facial points and 10 body points. Facial points are measured in 2D (x-y axes), while body points are <Figure 2> Control screen of the experimental system sadness, and surprise. Ekman and Friesen (1978) have also proposed the FACS (Facial Action
Coding System) that set out standard facial responses corresponding to each emotional category. Though the FACS has many advantages, it also has one critical problem. Except for happiness, most of the categories represent negative emotional states, which are not particularly useful for business applications . Consequently, recent studies usually adopt the V-A model instead of Ekman's model Kim et al., 2012; Ahn, 2013; Ryoo et al., 2013 ).
In the V-A model, emotional states are measured using a two-dimensional approach comprising of valence and arousal (Russell, 1980) .
The valence dimension (V) represents how positive
or negative the emotion is, and this ranges from unpleasant to pleasant. The arousal dimension (A) refers to how excited or apathetic the emotion is, and this ranges from sleepiness to frantic excitement (Nicolaou et al., 2011; Ahn, 2013) . <Figure 4> shows the two dimensions of the V-A model and the positions of blended emotions.
To make it easier to measure emotional states using the V-A model, a team led by Rody
Cowie, Professor of Psychology at Queen's University Belfast, proposed a novel annotation system called 'Feeltrace' (Cowie et al., 2000) .
Feeltrace allows coders to watch audiovisual recordings and use their mouse to move a pointer in the V-A space confined to [-1,1] . Coders can thus rate their impressions of the emotional state of a subject (Nicolaou et al., 2011) . We have used the Feeltrace concept in our study, integrating it into our experiment as shown in <Figure 5>.
<Figure 5> Feeltrace feature of our experimental system
Building Estimation Models
Our aim is to build estimation models for (Box and Cox, 1964) .
As in kernel-based regression, we also include non-linear transformations,    and log(x), of each input variable x.
As the next step, we apply a stratified sampling technique to obtain a sub-data set whose size is one percent of the total data size. The stratified sample is a method to reduce the variability of random sampling (Lange, 2010) . We then apply multivariate regression to the normalized sub-data set and repeat the whole procedure many times. As the total number of repetitions grows, the aggregation of the learned models converges to the exact solution.
Empirical Validation
Experimental Data Set and Preprocessing of Data
To validate the effectiveness of the proposed model, we collected experimental data from 17 university and graduate school student volunteers from January 14 to 25, 2013. The subjects were 
Experimental Results
We Considering that the levels of valence and arousal vary from -1 to 1, which means their range is 2, our proposed model estimates the levels of valence and arousal in the error range of 11.7% and 14.6% respectively. MRA is known to be a computationally simple and stable algorithm, so it was easy for us to convert our proposed model into an actual interactive exhibition system. However, several prior studies have reported that MRA may hinder the accuracy of emotional state estimation models Kim et al., 2012; Ahn, 2013 
Conclusion
